We have generated 36,991,173 17-base sequence "signatures" representing transcripts from the model plant Arabidopsis. These data were derived by massively parallel signature sequencing (MPSS) from 14 libraries and comprised 268,132 distinct sequences. Comparable data were also obtained with 20-base signatures. We developed a method for handling these data and for comparing these signatures to the annotated Arabidopsis genome. As part of this procedure, 858,019 potential or "genomic" signatures were extracted from the Arabidopsis genome and classified based on the position and orientation of the signatures relative to annotated genes. A comparison of genomic and expressed signatures matched 67,735 signatures predicted to be derived from distinct transcripts and expressed at significant levels. Expressed signatures were derived from the sense strand of at least 19,088 of 29,084 annotated genes. A comparison of the genomic and expression signatures demonstrated that ∼7.7% of genomic signatures were underrepresented in the expression data. These genomic signatures contained one of 20 four-base words that were consistently associated with reduced MPSS abundances. More than 89% of the sum of the expressed signature abundances matched the Arabidopsis genome, and many of the unmatched signatures found in high abundances were predicted to match to previously uncharacterized transcripts.
Continued improvements in plant molecular biology will depend on parallel improvements in our understanding of how genes are encoded in the genomic sequence, how they are regulated, and the range of transcripts possible for each gene. Two plant genomes are complete or nearly complete (Arabidopsis Genome Initiative 2000; Feng et al. 2002; Goff et al. 2002; Sasaki et al. 2002; Yu et al. 2002) , and it is likely that additional genomes will become available in the foreseeable future. The next challenge for plant biologists is to completely define the characteristics of the "transcriptome" contained within these plant genomes. Computational approaches to identifying genes from finished genomes are improving, but can produce inconsistent results and still need to be trained with experimentally derived data (Andrews et al. 2000; de Souza et al. 2000; Guigo et al. 2000; Haas et al. 2002; Reese et al. 2000) . As genomic sequencing becomes faster and more economical, it is critically important that methods, technologies, and resources be developed to experimentally detect every active gene, alternatively spliced and alternatively terminated or polyadenylated transcript.
Changes in gene expression are often indicative of changes in underlying biochemical processes. Presently, it is more tractable to measure transcript profiles than protein profiles. The most widely used method to analyze global patterns of gene expression is currently the DNA microarray (Schena et al. 1995 (Schena et al. , 1998 Duggan et al. 1999) . Microarrays represent a powerful and relatively inexpensive approach to simultaneously measure the expression patterns of many genes in a genome. The expression level is determined by relative changes in the hybridization intensity of the sequences that are present in the array. However, because microarrays are hybridization-based, background may interfere with the detection of weakly expressed genes, and gene families may cross-hybridize, confounding measurements of some transcripts. One of the most intriguing applications of microarrays is the development of whole-genome tiling arrays for the characterization of transcriptional activity (Shoemaker et al. 2001; Kapranov et al. 2002; Rinn et al. 2003; Yamada et al. 2003) . This approach reduces one of the biases common in microarrays by not limiting the probes to annotated genes.
In parallel to the remarkable advances in hybridizationbased techniques like microarrays, technologies for measuring the quantitative levels of gene expression have made significant advances. Large-scale quantitative expression technologies involve the generation of short sequence tags from a given RNA sample, and use the abundance of these sequence tags to determine the relative abundance of each transcript. These methods are complementary to standard microarrays, because sequence tags are not preselected like the probes on most microarrays. Such random sequencing approaches can identify novel genes or noncoding RNA sequences. Several technologies have been widely used to generate sequence tags. One of the first such methods was the development of collections of single-pass sequencing reads (expressed sequence tags, or ESTs) that were used to estimate gene expression levels (Adams et al. 1995) . More recently, shorter sequence tags have been used, such as the 14-base tags produced by the Serial Analysis of Gene Expression, or SAGE (Velculescu et al. 1995 (Velculescu et al. , 1997 . These tags can be generated in large numbers for a given tissue to determine gene expression levels quantitatively. SAGE is one of the most popular of these quantitative methods to characterize gene expression because it can be performed in individual labs and generates data sets that have proven valuable for the annotation of complex genomes (Velculescu et al. 1999 (Velculescu et al. , 2000 Caron et al. 2001; Saha et al. 2002) . The short length of SAGE tags makes it difficult to unambigu-ously assign tags within a genome, but recent modifications have adapted the method to generate 21-base tags that may occur uniquely in a complex genome (Saha et al. 2002) . The number of signatures generated for most available SAGE libraries limits this method to the analysis of moderate-to-highly expressed transcripts (Ishii et al. 2000) .
One of the most powerful new technologies for quantitative analysis of gene expression is Massively Parallel Signature Sequencing, or MPSS (Brenner et al. 2000a,b) . MPSS involves the cloning of a cDNA library on beads and the acquisition of 17-20-nt "signatures" (tags) from these cDNAs using an unconventional sequencing method (summarized in Fig. 1 ). The abundance of the sequence signatures precisely reflects gene expression levels in the sampled tissue. With more than 1 million signatures obtained per library, the technology is sensitive to transcripts expressed at very low levels. Each signature is derived from the 3Ј-most DpnII (Sau3A) site 5Ј to the poly(A) tail of a cDNA molecule. The sequencing process proceeds by the identification of sets of four bases by hybridization to labeled linkerprobes, then removal of that set of four bases by a Type IIS restriction enzyme site contained in the linker, and then repetition of the process (Brenner et al. 2000a ). These fluorescent reactions occur underneath an automated microscope and scanner while the beads are immobilized in a flow-cell, with no gels or capillaries. The procedure is completely parallel, facilitating largescale sequencing, and 17-20 nt of high-quality sequence is routinely obtained per bead (Brenner et al. 2000a) . Signatures or tags of this length have a high specificity and may match to just one position in a complex genome (Saha et al. 2002) .
The high-quality sequence and annotation of the Arabidopsis genome makes it possible to assess the utility of tag-based expression analyses for this model plant. Expressed tags can be matched back to their genomic context to reveal the full set of transcripts and their precise expression levels (Meyers et al. 2004b) . Parallel analyses of the tags and the genomic context may reveal systematic technological biases. With an understanding of the bias inherent in a specific transcriptional profiling technology, it may be possible to make corrections and arrive at a more accurate assessment of gene expression. In this report, we characterize the application and utility of MPSS in an analysis of gene expression in Arabidopsis. This bioinformatics analysis is based on the extraction of all potential signatures from the annotated genome and comparison of these signatures to the MPSS expression data.
RESULTS

MPSS Library Construction, Data Processing, and Signature Filtering
A total of 14 libraries were constructed using mRNA from diverse tissues, mutants, and treatments of Arabidopsis. These libraries were generated as part of specific experiments that are or will be described elsewhere. The libraries are listed in Table 1 , and include untreated silique, callus, leaves, roots, and inflorescence, with all five sequenced using the "classic" method of MPSS (described in more detail in Meyers et al. 2004b ). The leaf, root, and inflorescence libraries were also sequenced using the "signature" variation of MPSS. Briefly, the difference between the classic and signature MPSS methods is that in the former the entire 3Ј-DpnIIto-poly(A) fragment is cloned, whereas the latter takes advantage of the Type IIS enzyme MmeI to clone a fragment of only 21 to 22 bases that includes the DpnII site (Lynx Therapeutics, Inc.). The inflorescence was analyzed using the signature MPSS method using RNA from the four floral mutants agamous, apetala1-10, apetala3-6, and a superman/apetala1-10 double mutant (H. Ghazal, H. Sakai, and B.C. Meyers, unpubl.) . Two signature MPSS libraries were constructed from leaves treated with salicylic acid; the tissue was collected 4 h or 52 h after treatment (B.C. Meyers, M. West, R.W. Michelmore, and D. St. Clair, unpubl.). All 14 libraries were from the Arabidopsis ecotype Col-0. Taken together, these libraries represent a range of tissues and treatments with which to assess the application of MPSS for transcriptional analysis in a complex eukaryotic genome.
The libraries were constructed and sequenced at Lynx Therapeutics, Inc. (Hayward, CA) using previously published methods for MPSS (Brenner et al. 2000a,b) . Sequencing runs were performed using two separate 4-nt sequencing frames offset by two bases (Brenner et al. 2000a ); these sequencing reactions are hereafter called steppers, and the two reactions are referred to by the sequencing frame, 2-step or 4-step. These steppers and the sequencing frames are explained in more detail below.
Including the sequence GATC that is derived from the anchoring DpnII site, the standard length of the MPSS signatures was 17 nt; a continuation of each sequencing reaction generated an additional three bases of sequence information. Therefore, each library was obtained both as signatures of 17 bases and of 20 bases. Between 1.7 and 3.6 million 17-base signatures were obtained for each tissue (Table 1A) . A small number of signatures with ambiguities resulting from low-quality sequence were removed; the numbers reported here only reflect high-quality sequencing reactions. The total number of runs varied for each library and each stepper, but between two and five runs, usually two, were performed for each stepper in each library (Table 1) . The complete set of 63 sequencing runs comprised 36,991,173 17-base signatures, including 18,416,230 from the 33 2-step runs and 18,574,943 from the 30 4-step runs. Slightly lower numbers of signatures were obtained by MPSS for the 20-base signatures, with the 63 runs producing 31,404,553 sequences (Table 1B) .
Figure 1
Overview of MPSS methodology. A brief outline of the steps required for the processing of mRNA to obtain the MPSS signatures, in order from top to bottom. The methodology is described in more details in publications by Brenner et al. (2000a,b) or at http://www. lynxgen.com. The step indicated by an asterisk and in parentheses only takes place in the "signature" version of the MPSS method (Lynx Therapeutics, Inc.).
Within each library, distinct signatures were summed within a single sequencing run to determine an "abundance" value. The raw abundances were merged, first for runs within the steppers, and then across the two steppers to produce a single, normalized value for each observed signature. This process of merging the runs is described in more detail in the Methods section. The outcome was a single normalized value for each signature in units of Transcripts Per Million (TPM). The normalized value is largely independent of the total number of signatures that comprise the library size, and therefore this normalized value is comparable across libraries.
The distinct MPSS signatures from the 14 libraries were filtered using two criteria. We called these filters reliability and significance. The filters were designed to remove noisy sequences that may have resulted from erroneous processes or systematic errors. The filters are described in the Methods section. Briefly, the reliability filter removes signatures observed in only one sequencing run across all libraries (e.g., inconsistent expression). The significance filter removes signatures never observed above 3 TPM in any library (e.g., very low expression). The 36,991,173 17-base signatures in the 14 libraries represented 268,132 distinct signatures. Of these distinct signatures, 102,078 were significant, 141,496 were reliable, and 87,705 were both significant and reliable (Fig. 2) . Most of our analyses focused on the 87,705 significant and reliable signatures, because these signatures comprised 97.5% of the sum of the abundances across the libraries (18, 187, 589 of 18, 654, 747 total TPM) . The unreliable signatures represented only 1.7% of the sum of the abundances, and these were removed for the majority of our analyses. Unreliable signatures were matched to the genome at a very low rate and are probably the result of sequencing errors (see below).
Extraction of Signatures From Genomic Sequence
We developed a script to extract potential MPSS signatures from genomic DNA sequence; we refer to these signatures as genomic signatures, in contrast to the expressed or MPSS signatures. A Web-based version of this script can be used on our Web page (http://mpss.udel.edu/at/query.php). This script finds all occurrences of GATC in a given sequence, reports or stores each 17-or 20-base signature, and reports the coordinates of the first base of this signature (Fig. 3) . Because signatures will occur in pairs on opposite strands (GATC is a palindrome), the script determines the sequence of the genomic signatures that occur on both the sense and the anti-sense strands (Fig. 3) . We used this script to extract a total of 851,212 genomic signatures and their coordinates (chromosome, position, and strand) from the TIGR genomic sequence (117,277,014 bp; version 3 from July 2002; http://www.tigr.org), reflecting a total of 425,606 DpnII (Sau3A) sites. These genomic signatures were stored for comparison to the annotation of genes and for matching against expressed signatures.
We used the exon coordinates from the Arabidopsis annotation to identify signatures spanning introns, generating an additional set of genomic signatures. In addition to the 851,212 sig- Cold Spring Harbor Laboratory Press on October 11, 2017 -Published by genome.cshlp.org Downloaded from natures extracted directly from the Arabidopsis chromosomal sequence, 6807 signatures were derived from annotated gene sequences (TIGR version 3.0) and included 13 bases of sequence flanking both sides of an intron, plus the GATC. Including these spliced signatures, our database was comprised of 858,019 genomic signatures.
The 858,019 genomic signatures were clustered to identify duplications and to determine the uniqueness of each signature. Clustering of the 17-base signatures identified 753,894 distinct genomic signatures (Table 2 ). Of these, 703,161 genomic signatures were "unique," and have only one "hit" in the genome. Duplicated signatures (hits Ն2) were found in 154,858 different locations in the Arabidopsis genome and comprised 50,733 distinct signatures (Table 2) . Of the duplicated signatures, 37,315 distinct genomic signatures were found in two locations, 6484 were found in three locations, and the remaining 6934 distinct signatures in four or more locations. The most highly duplicated genomic signatures, such as GATCATACCAGCACTAA, found 281 times, were derived from repetitive regions such as ribosomal DNA, retrotransposons, or transposons (data not shown). Some signatures with multiple hits may also be derived from duplicated genes. A comparison to randomly generated DNA sequence suggests that most signatures with hits >1 result from duplication events (see Supplemental material). We also extracted and analyzed 20-base genomic signatures to facilitate the use of 20-base MPSS expression data ( Table 2 ). Increasing the signature length to 20 from 17 bases will improve the specificity of the MPSS data for many genes, but even within a relatively compact genome like Arabidopsis, genomic duplications may confound the assignment of expression data for a subset of genes.
Classification of Signatures From Genomic Sequence
We assigned a "class" to each genomic signature based on the position of the signature relative to annotated genes (Table 3 ). All 858,019 signatures extracted from the Arabidopsis genome were assigned a class. The classification system was similar to that used for SAGE data in the Saccharomyces Genome Database . Each signature was compared to the annotation and assigned a class depending on the position and strand relative to the exons of annotated genes (classes are described in the Fig. 3B  legend) . Because a small number of genes are annotated as overlapping, a small number of signatures met the criteria for more than one class. We retained at most two classifications for these signatures; the "secondary classification" is described in Supplemental material. Using the TIGR annotation (version 3.0), we identified 173 genes that did not contain Class 1, 2, 5, or 7 ge- A total of 268,132 distinct 17-base expressed signatures from 14 Arabidopsis MPSS libraries were processed according to three filters, "significance," "reliability," and "genomic match." The numbers indicate distinct signatures that are separated by each filter or set of filters. Signatures that do not match to the genome correspond to the "Class 0" signatures discussed in the text; those that match the genome correspond to Classes 1 to 7.
nomic signatures, and are therefore not expected to be detectable by MPSS.
Matching of Expressed Signatures to Genomic Signatures
We compared the set of expressed MPSS signatures with the set of genomic signatures to make signature-to-gene assignments. Among the 17-base signatures identified for the 14 libraries, the 268,132 distinct, expressed signatures were compared with 753,894 distinct genomic signatures, producing 139,193 hits to the genome and leaving 128,939 unmatched signatures. This comparison matched 67,735 of 87,705 (77.2%) "significant" and "reliable" expressed signatures to genomic signatures, and these were considered the most dependable representation of "real" transcripts. Among these 67,735 matched signatures were 38,627 that uniquely corresponded to the sense strand of 19,088 annotated genes (Table 3) . Predicted antisense transcripts were identified by a large number of signatures that matched uniquely in the Arabidopsis genome; 17,582 Class 3 or 6 signatures were found in the 14 libraries. The set of 5622 expressed Class 4 signatures that uniquely mapped to unannotated regions of the genome (Table 3) demonstrates that the transcriptional activity of a large amount of the Arabidopsis genome remains to be characterized (Meyers et al. 2004b ). This assessment of transcriptional activity was performed using only the significant and reliable signatures that mapped to the genome; the 40,125 reliable but nonsignificant signatures were not considered but may be derived from weakly expressed but real transcripts (see below).
Expressed signatures that did not match to any of the Class 1 to 7 genomic signatures were designated as Class 0. In the 14 MPSS libraries, this included 128,939 signatures, of which 19,970 were significant and reliable (Fig. 2 ). There are several reasons why a signature might not match to the genome. Sequencing errors during MPSS could generate novel signatures that differ by Includes both spliced and unspliced versions of the 6807 signatures that span the intron/exon boundaries (See Table 3 ).
c "Distinct" refers to the number of different sequences found within the set. From 14 libraries, considering only "significant" and "reliable" expressed signatures for which hits = 1, and excluding 37,192 "nonsignificant" hits to the genome. Calculated as the union of the set of all libraries.
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www.genome.org one or several bases from genomic signatures. We address this possibility in more detail below. It is also possible that no sequencing errors occurred but the signature spanned a splice site that has not yet been annotated. This novel splice site, when annotated, would generate a new Class 7 signature instead of the current unmatched Class 0 signature. One further possibility is that the unmatched signatures occurred within an existing gap in the genomic sequence, such as from the poorly covered centromeric regions.
The Sources of Class 0 MPSS Signatures
We investigated the source of the 128,939 distinct, expressed signatures that did not match to the Arabidopsis genome. Using the sum of the normalized abundances values for all distinct transcripts across the 14 libraries in our database, we determined that these Class 0 signatures represented 9.0% of the normalized MPSS expression data, based on summed signature abundances (1,680,361 TPM divided by 18,654,747 TPM). In contrast, the number of distinct Class 0 signatures comprised 48.1% of the total number of distinct expressed signatures (128,939 of 268,132) . This comparison suggested that most Class 0 signatures were present at very low abundances. This was more apparent when we calculated the proportion of distinct signatures at each expression level that were Class 0 (Fig. 4A) . Nearly twice the proportion of Class 0 signatures was found at 1 TPM than at 3 TPM. At 1 TPM, almost 50% of the distinct signatures did not match to the genome (Fig. 4A) . At 8 TPM, the fraction of Class 0 signatures dropped below 20%, and at higher abundance levels the percentage rarely dropped below 10% (Fig. 4A) . Next, we determined the proportion of Class 0 signatures that were unreliable. The "reliability" filter identifies as unreliable those signatures that were observed in only one of 63 sequencing runs in the data set but does not stipulate any specific expression level. This sporadic appearance may signify a sequencing error. The Class 0 signatures at all abundance levels were predominantly identified as unreliable (Fig. 4B ). In contrast, the majority of signatures mapped to the genome (Class 1 to 7) were reliable, even at low expression levels (Fig. 4B) . Therefore, many Class 0 signatures are observed in only one run and at low abundances; these characteristics are consistent with the product of random sequencing errors. The corollary to this observation is that Class 0 signatures found at higher levels and occurring more consistently across the libraries may represent real but previously uncharacterized splicing events.
To assess sequencing errors, the unmatched Class 0 signatures were compared with significantly expressed genomic signatures, allowing one polymorphic base in a match. The first four bases of every signature are GATC and are invariant; the remaining 13 positions of the 17-base MPSS signatures could contain errors. For this comparison, we derived a set of signatures one base different (OBD) from the 126,598 17-base Class 0 signatures not perfectly matched to the genomic or plastid sequences (see Supplemental material). To generate the OBD signatures, each position was changed to one of three other bases, so that a total of 3 ‫ן‬ 13 = 39 OBD signatures were derived from each Class 0 signature (see Supplemental material). Out of 67,735 significant and reliable Class 1 to 7 genome-matched, expressed signatures, 28,414 (41.2%) were matched to OBD signatures corresponding to 73,815 of the Class 0 signatures (58.3%; see Supplemental material). These Class 0 signatures may have resulted from singlebase-sequencing errors in the OBD-matching, expressed genomic signatures. The higher-abundance Class 0 signatures that were not matched in the OBD comparisons may be further enriched for those derived from as-yet-uncharacterized transcripts or splicing events.
Next, we used the abundance of OBD-matching Class 0 and 1 to 7 signatures to estimate the error rate for MPSS. Our estimate for 17-base MPSS signatures was ∼3.2% per signature, which corresponds to an error rate of 0.25% for each of the 13 sequenced bases (GATC excluded). For this calculation, we determined the sum of the abundance of OBD matches to expressed Class 1 to 7 signatures. A subset of the expressed, genome-matched signatures was used for this calculation. The purpose of selecting this subset was to avoid basing the calculation of the error rate on any falsely matching OBD and genomic signatures. We used the 18,192 Class 1 to 7 signatures that were unique in the genome (hits = 1) that were significant and reliable, and that were at least two bases different from any other signature in the list. We then removed signatures that had any single OBD-matching signature for which the sum of the abundances across the 14 libraries was >25% of that of the matched Class 1 to 7 signature. This step was based on the assumption that for random sequencing errors, the 39 possible OBD signatures should be more or less equally represented. A total of 4,370 Class 1 to 7 signatures met this criterion and matched OBD Class 0 signatures that were present at levels ∼10-fold higher than expected for random sequencing errors. The OBD-matching Class 0 signatures could represent Class 7 signatures from uncharacterized splicing events that were coincidently one base different from the genome-matched signatures. The final list of 13,822 signatures was sorted based on the sum of abundances for each signature across all 14 libraries. The error rate was then calculated as 3.52%, 3.19%, or 2.68% using the top 1000, 2000, or 5000 most abundantly expressed signatures, respectively. The higher-abundance signatures were used because they were sampled in large numbers, providing a better estimate of error. The median estimated error rate, 3.19%, precisely matches the error rate for MPSS determined by sequencing Escherichia coli genomic DNA (S. Luo and C. Haudenschild, unpubl.), and corresponds to an error rate of ∼0.25% for each of the 13 variable bases in an MPSS signature.
Sequence-Specific Effects on MPSS Signatures
We analyzed the frequency of four-base words in the genomic and expressed signatures to determine if any sequence-specific biases resulted in underrepresentation of certain signatures in the MPSS data. This analysis is based on the four-base words that are sequenced during the MPSS procedure in which digestion with a Type II enzyme exposes the four-base sequencing frame (Brenner et al. 2000a ). The MPSS sequencing takes place in two sets of frames (e.g., 2-step and 4-step reactions; Fig. 5A,B) . These steppers represent a type of replication because the sequencing reactions for the same library are performed independently (Brenner et al. 2000a) . A given signature should have a similar abundance in both steppers for a given library. If the result of the 2-step and 4-step reactions differs for the same signature in a library, this difference could be attributed to sequence-specific effects. Such effects are possible because different four-base words are observed in the two sequencing frames for each signature (Fig. 5A,B) . Any word-specific bias may affect one stepper for a given signature but not the other. A possible source of a word-specific bias could be the Type IIS restriction enzyme BbvI that is used to "expose" the four-base words as single-stranded sequence (Brenner et al. 2000a) ; if this enzyme does not cut each site with equal efficiency, the presence of the disfavored words may result in decreased sequencing efficiency for signatures containing those words.
Using all significant and reliable, expressed signatures, we identified signatures with significantly different abundances in the 2-step or 4-step runs for all 14 libraries (P < 0.05 when H 0 = no difference using a Z-test). For this calculation, we used the raw normalized abundance for each stepper, described as "t_norm" and "f_norm" in the Methods section. The signatures were separated into one of three "bins" based on whether the t_norm value was equal to, lower than, or higher than the f_norm value. This partitioning step is described in more detail in the Methods section. Within the groups of signatures with either higher 2-step or higher 4-step abundances, the number of occurrences of each of 256 possible four-base words was determined. These occurrences were counted for 2-step frames compared with those in 4-step frames for either 17-or 20-base signatures (Fig.  5A,B) . Additional details of the steps involved in this analysis are provided in the Methods section. The result of this analysis allowed us to correlate word occurrence with bias in the success rate of the 2-and 4-step MPSS reactions.
These comparisons identified 20 four-base words that were underrepresented in one of the two MPSS steppers or sequencing frames (Table 4 ). All 16 "palindromic" words were among the 20 words that were most underrepresented in the expression data; the word "GATC" was extremely rare in the expressed signatures because it is the recognition site for DpnII, the MPSS anchoring enzyme. In addition to the palindromes, the words TTTA, TAAA, TTGA, and TAGA were also associated with a reduction in the normalized abundance of the signature, but less strongly than the palindromic words (Table 4 ). The 20 most underrepresented words were the same when the calculation was performed using the 17-base signatures (Table 4 ; Supplemental Figs. S4-S6) and the 20-base signatures (Supplemental Figs. S4-S6 ), although the ranking of underrepresentation was slightly different. We refer to these 20 words that underperform in MPSS reactions as "bad words" (Fig. 5C) . In a randomly composed genome, ∼7.7% of all potential 17-base MPSS signatures will be poorly measured by this technology because of occurrences of these 20 bad words in both sequencing frames (see Methods for calculation). Several overrepresented words were also identified (Table 4) , but the reason for overrepresentation of a four-base word was not apparent; we chose instead to focus on an analysis of the underrepresented words. Palindromic sequences may be underrepresented in the four-base sequencing frames in which the palindrome occurs be-
Figure 5
Sequencing frames and "bad" words in MPSS signatures. MPSS uses two sequencing reactions that are performed in reading frames shifted by two bases. These two frames are the 2-step or 4-step frames. Sequencing proceeds in sets of four bases ("words"). (A) The eight sequencing frames are indicated for the 17-base signatures, with the 2-step frames indicated below the example signature and the 4-step frames indicated above. The numbering 1 to 8 for the 17-base signatures is only used to illustrate the total number of words that are sequenced. The first sequencing reaction in the 2-step reaction always begins with TC. The three Ns in gray at the end of the 17-base signature indicate the bases that are not sequenced but that can affect the performance of the seventh or eighth word. (B) The 20-base signatures require an extra word (underlined "9") that includes the two unsequenced bases indicated by the gray letter N. (C) The 20 "bad words" that underperform in MPSS sequencing. All 16 four-base palindromic words are listed at left; these words underperform in the MPSS sequencing reaction when they occur in the frames indicated for the 17-or 20-base signatures (see text). The four words in the box also underperform in the MPSS sequencing reaction, but these are not palindromic.
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Cold Spring Harbor Laboratory Press on October 11, 2017 -Published by genome.cshlp.org Downloaded from cause of intermolecular interactions of complementary singlestranded four-base overhangs on the microbead. These interactions would effectively block MPSS analysis in that sequencing frame by preventing the addition of the adapters used in sequencing.
Online Resources for Arabidopsis MPSS Data
We have developed a publicly available, Web-based interface to our database (http://mpss.udel.edu/at; Meyers et al. 2004a ). This interface includes a graphical interface and permits simple queries based on gene or genomic sequence, MPSS or genomic signature sequence, gene identifier, or chromosomal region. MPSS expression data are available for both 17-and 20-base signatures for the 14 Arabidopsis libraries described above. The Web site also analyzes the Arabidopsis genomic and expressed signatures for the presence of bad words.
DISCUSSION
We have described our methods for normalizing and filtering MPSS expression data, for matching MPSS expression data with the genomic sequence and annotation data, and for detecting sequence-specific biases in MPSS. These methods would work in any genome, but the high level of finishing work that has been performed on the Arabidopsis genome has facilitated our analyses. Although our analysis mapped to the genome >90% of the MPSS expression data, additional improvements to the annotation and addition of new cDNA data will incrementally improve the number and accuracy of the MPSS signatures mapped to transcripts. Improvements in signature mapping will refine the quantitative estimates of expression levels for certain genes including those in which all matching signatures may not have yet been mapped. Our analyses of MPSS data also suggest that a subset of Palindromic words are shown in bold; other "bad" words are indicated in italics. Frame 1 (see Fig. 5A ) was not considered because only the 16 words initiating with "TC" can be observed in this frame. c "N" indicates the frequency of occurrence of the word among the frames of the expressed signatures for either of the indicated steppers. The frequency of the words was calculated with all expressed signatures considered equally, independent of the expression abundance.
d "Adj. ratio" indicates that the ratio was adjusted to account for the different number of frames in the 2-and 4-step reactions for which the word frequencies were counted; for the 17-base expressed signatures, words in 2-step frames 3 and 5 were counted and 4-step frames 2, 4, and 6 (Fig. 5A) . Therefore, frequency counts for the 4-step words were adjusted by 2/3 prior to calculating the ratio.
unmatched (Class 0) signatures is enriched for and derived from as-yet-uncharacterized transcripts.
Development of Specialized Methods for Working With MPSS Data
We designed several filters to remove inconsistent or lowabundance signatures, but these filters may have been overly stringent. Most of our analyses focused on the 87,705 reliable and significant signatures that matched the genomic sequence and comprised 97.5% of the MPSS expression data. The number of distinct "unreliable" signatures was high, but the total abundance of these signatures was low. We demonstrated that the majority of these unreliable signatures may result from sequencing errors. Of the 53,791 distinct, expressed signatures that were considered reliable but not significant, 40,125 matched to the Arabidopsis chromosomal sequences. These were signatures observed in multiple runs and possibly in multiple libraries but never observed at a level higher than 3 TPM. It is possible that normal mRNA transcripts are expressed at levels below 4 TPM and our filter for significance was too stringent. To determine if our significance filter will miss some real transcripts, we calculated the number of libraries in which significantly expressed signatures (e.g., >3 TPM in at least one library) that matched to the genome were found at 1, 2, or 3 TPM. These low abundances were observed 81,155 times for 40,590 distinct signatures across the 14 libraries. This suggests that some transcripts may be expressed at low levels in certain cells or tissues; these levels could be further diluted by sampling tissues rather than specific cell types. These transcripts might be observed at a "significant" level if we sampled specific cells by using a method such as lasercapture microscopy (Asano et al. 2002; Kerk et al. 2003) or protoplast sorting (Galbraith 2003) .
New libraries from diverse tissues and treatments may also render a new set of significant signatures by revealing specific conditions under which certain transcripts are expressed at higher levels. Because our libraries represented a limited number of treatments or tissues, we may not have sampled the specific conditions under which some transcripts may be expressed at high levels. The signatures uniquely expressed at significant levels in novel libraries could include many of the 40,125 reliable but not significant genome-matched signatures identified in our 14 libraries. These data would improve our ability to distinguish the signal (signatures from real transcripts) from the noise (artifactual or erroneous signatures). The addition of more libraries to our database should therefore improve our recognition of valid signatures. The number of transcripts encoded in a genome must be finite, and with deep-enough sampling, the number of "significant" signatures will eventually approach the total number of distinct transcripts that are possible from a given genome.
The "reliability" filter will be useful until the number of signatures resulting from errors reaches a low degree of saturation. If each of the 87,705 distinct 17-base "reliable and significant" signatures generated at least one copy of each of the 39 possible one-base-different signatures (39 = 3 different bases ‫ן‬ 13 variable sites), a total of 3,420,495 OBD signatures could be observed at "unreliable" levels. However, if sequencing errors occur at a low but consistent rate, and the same transcript occurs at high levels in several libraries, some erroneous signatures may be observed in multiple runs. These erroneous signatures would escape the "reliability" filter. An alternative to this filter may be possible when the complete set of transcripts from a genome is known; in this case, unmatched signatures could be removed, assuming that errors affect all signatures at the same rate and there is no benefit to retaining the erroneous data. Our analyses indicate that many splicing events remain uncharacterized, suggesting that significant efforts in targeted cDNA sequencing will be required before Arabidopsis or any other plant transcriptome is completely characterized.
MPSS as a Technology for Gene Expression Analysis "Bad" Words That Affect MPSS
We identified artifacts that for technical reasons confound the measurement of gene expression by MPSS in certain sequencespecific cases. These artifacts were identified by comparing the extracted genomic signatures to the expressed signatures. The principal problem results when certain four-base words occur in-frame with the "stepper" or sequencing frame of the sequencing reaction. The occurrence of any of 20 of the 256 possible words resulted in underrepresentation of that signature in the set of expressed signatures, but only for the specific stepper in which the word occurred. Sixteen of the 20 words were palindromic sequences, a result consistent with intermolecular interactions on the surface of the MPSS microbead that could block the sequencing reaction. The remaining four words were TAAA, ATTT, TTGA, and TAGA. The reason for decreased sequencing success rates for these four words is not clear. It is possible that the Type IIS restriction enzyme used in the sequencing reaction (BbvI; Brenner et al. 2000a ) cuts poorly at these sequences. In addition, certain words were overrepresented in the poorly sequencing stepper, but there was no clear explanation for this effect. It is difficult to attribute overrepresentation of certain words to biased digestion by BbvI. Successful MPSS sequencing of an entire signature depends on the efficiency of four BbvI digestion reactions (e.g., the frames in Fig. 5 ). An average level of efficiency of digestion for all four words is all that is required to obtain the sequence, and an increased efficiency for one of the words will not affect the overall sequencing success rate for that signature.
With an understanding of the bad words, it is possible to identify transcripts that could be underestimated by MPSS, but it is difficult to determine the extent of the missing expression data. Whole-genome analyses using the MPSS data will be affected by noise resulting from underestimated expression for genes containing the 7.71% of Arabidopsis signatures containing any one of the 20 bad words in both MPSS sequencing frames. One approach to reduce the frequency and importance of palindromes would be to replace BbvI with a Type IIS enzyme that creates five-base words for the MPSS sequencing process (fivebase words would not be palindromic). Another approach would be to simultaneously obtain and then compare MPSS and microarray data to identify genes consistently underestimated by MPSS. Or, additional MPSS reactions using different anchoring enzymes (such as NlaIII instead of DpnII) could be performed and the data compared; the resulting signatures, derived from different sites within the same transcripts, are unlikely to contain the same bad words.
The Merits of Longer MPSS Signatures
Is it beneficial to increase the length of MPSS signatures from 17 to 20 bases? The answer to this question lies in the relative merits of increased specificity versus a reduction in sequencing success caused by a greater chance of a bad word occurring in the longer signatures. Extracting 20-base signatures instead of 17-base signatures increased the number of signatures occurring uniquely in the Arabidopsis genome by 47,631. This represents 5.5% of the 858,019 potential signatures in the genome that are duplicated when only 17 bases long but unique when sequenced to 20 bases. Although this would increase the number of distinct signatures, this could potentially decrease the abundance below the significant threshold for certain signatures. Another decrease in the number of 20-base signatures measured by MPSS results from sequencing failures due to the additional frames that could expose bad words. Owing to the additional frame in the 2-step and 4-step sequencing reaction for 20-base MPSS signatures (Fig. 5B) , we can predict that with 20 bad words, 9.3% of distinct signatures will sequence poorly, an increase from the 7.7% calculated for 17-base signatures. Therefore, 1.6% of the signatures were predicted to be blocked for 20-base MPSS sequencing but not for 17-base sequencing. Across the 14 libraries, the total number of distinct, significant, and reliable expressed signatures was 4.1% lower for the 20-base than the 17-base MPSS signatures (Table 1) . The difference between the observed and predicted reduction in signatures in the 20-base libraries probably results from a combination of length-dependent effects and could include issues that we have not yet characterized.
For the 20-base signatures, the increased specificity and decreased sequencing success rate are independent and unrelated for any given signature and transcript. These independent effects make it difficult to state categorically whether 17-or 20-base signatures are better. If a gene of interest is not sequenced because of a bad word in frame 9 (Fig. 5B) , then the 20-base signature is uninformative; but if a duplicated 17-base signature can be uniquely distinguished only by the 18-th, 19-th, or 20-th bases, the 20-base MPSS signatures may be essential. This choice between specificity and bad words is more problematic when considering the source of data to use for genome-wide analyses, because the two issues will introduce different types of noise. If the problem of sequence-specific artifacts resulting from certain words were eliminated from the MPSS procedure, the longer signature length would be better.
The Influence of Sequencing Errors in MPSS
Our estimate for the error rate of MPSS is ∼0.25% per base. With this error rate, the 13 bases sequenced by MPSS (e.g., excluding GATC) will result in ∼3.25% of expressed signatures containing a single base error. Chen et al. (2002) determined an overall error rate of ∼2%, or ∼0.2% per base, from synthetic SAGE experiments. Other estimates for the error rate of SAGE tags range as high as 10% per tag (1% per base) because the tags represent single-pass sequences (Lash et al. 2000) . Therefore, the error rate of MPSS is only slightly higher than the error rate of SAGE. Our analyses suggest that the majority of the erroneous MPSS signatures were captured and removed by our "reliability" and "significance" filters.
The Class 0 signatures that passed our filters were expressed at higher abundances and may be derived from previously unidentified Arabidopsis transcripts. These sequences represent unrecognized Class 7 signatures derived from splicing events not yet annotated or observed in characterized full-length cDNA clones. We were using version 3.0 of the Arabidopsis annotation, and future versions are likely to incorporate many more cDNA sequences that should improve the annotation of 3Ј-UTR splicing and increase the number of known Class 7 signatures Wortman et al. 2003) . The detection of Class 0 signatures that correspond to splicing events in as-yet-uncharacterized transcripts is consistent with an experimental demonstration that most unmatched SAGE tags are derived from real transcripts that have not been previously identified (Chen et al. 2002) . Chen et al. (2002) demonstrated that >70% of SAGE tags that did not match to human transcripts were derived from previously uncharacterized transcripts. PCR-based strategies such as RACE (Frohman et al. 1988) or the so-called GLGI procedure (Chen et al. 2002) could be used to isolate the corresponding full-length transcripts using primers based on the MPSS signatures. The identification and validation of these transcripts will be facilitated by the quantitative expression data and tissue specificity that is already known from the MPSS libraries. The resulting sequence data would provide additional transcriptional information with which to improve the annotation of the Arabidopsis genome.
The Impact of Duplicated Signatures
One complication in the use of expression data for wholegenome studies results from genomic duplications that produce signatures that do not match uniquely in the genome. The duplications in the Arabidopsis genome have been documented extensively (Arabidopsis Genome Initiative 2000; Blanc et al. 2000; Vision et al. 2000; Simillion et al. 2002) . In the case of MPSS, the number of "hits" that we calculated for the genomic signatures reflected this complexity. Approximately 18% of the 17-base genomic signatures were found in more than one location in the genome. Increasing the length of the signatures from 17 to 20 bases decreased the total number of duplicated signatures in the Arabidopsis genome by approximately one-third, from 18% to 12.5%. To determine the source of expression for a MPSS signature duplicated in the genome, it may be possible to compare microarray and MPSS data for the same tissue. This marriage of technologies would complement the weaknesses inherent in each, although it would also depend on the specificity and sensitivity of hybridization to the array.
The utility of MPSS and related tag-based methods like SAGE will depend on the degree and patterns of duplication and redundancy in the genome under analysis. These methods will be most useful if duplications occur mainly in the nongenic, transcriptionally inactive regions of the genome. In Arabidopsis, the proportion of duplicated signatures was slightly lower for signatures associated with genes than for those in intergenic regions (e.g., Class 4 signatures versus any other in Table 3 ). And many of the most duplicated genomic signatures mapped to repetitive intergenic sequences like retrotransposons or transposons (data not shown). In the cereals, genome expansion has occurred primarily through increased numbers of LTR retrotransposons (Kumar and Bennetzen 1999) . A large proportion of the maize genome is comprised of several highly duplicated families of retrotransposons that are weakly if at all expressed (Meyers et al. 2001) . The genic regions may be less repetitive and MPSS signatures may match expressed genes with a higher degree of specificity than may be predicted by the genome size. On the other hand, polyploid genomes or genomes containing a high degree of genic repeats may be less amenable to the use of MPSS, particularly if the duplicated genes have not substantially diverged. When MPSS is used in less-duplicated genomes, comparisons across closely related genomes may be highly informative. The sensitivity of this technology to single nucleotide polymorphisms may reveal allele-specific effects that are quantified by measuring the expression of orthologous genes detected by distinct signatures. Such measurements could be made by comparing genetically distinct individuals, subspecies, or inbred lines and their hybrids.
MPSS Versus Other Global Measurements of Gene Expression
The sampling depth of MPSS is greater than most other gene expression technologies. The 17-base signatures for our 14 libraries represented a total of 36,991,173 transcripts, or ∼2.64 million transcripts per library. The set of 36,991,173 signatures is nearly twice the total number of ESTs or SAGE tags present in GenBank for all organisms (in November 2003). The average sampling depth of SAGE is <1% of that of our MPSS libraries (http:// www.ncbi.nlm.nih.gov/SAGE/). Although SAGE also provides a quantitative estimate of expression (Velculescu et al. 1995) , the 14-base tags will be more ambiguous because of higher numbers of "hits" than MPSS. LongSAGE tags, however, are 21 or 22 bases in length and as a result have a high degree of specificity, similar to that of MPSS signatures (Saha et al. 2002) . Neither SAGE nor LongSAGE is subject to the issues of the "bad words" described here for MPSS. A significant disadvantage of any variant of SAGE remains the cost on a per-tag basis, which is still much higher than that of MPSS. This prohibitive cost of sampling hundreds of thousands of SAGE tags for a single library is probably the reason for the relatively small average number of tags for the SAGE libraries in GenBank.
Because tag-based technologies are open-ended and do not use preselected targets for expression analysis, novel transcripts or variants of known transcripts can be identified in completely sequenced genomes. The direct comparison of SAGE tags, MPSS signatures, or ESTs to genomic sequence data facilitates and improves annotation by providing experimental data for transcripts missed by prediction-based annotation (Andrews et al. 2000; de Souza et al. 2000; Guigo et al. 2000; Reese et al. 2000; Haas et al. 2002; Saha et al. 2002; Meyers et al. 2004b ). These tags can also identify transcripts that were missed because of gaps, partial genome sequences, or incomplete annotation. Improvements to microarrays in the density of oligonucleotides and the flexibility of design have facilitated the development of whole-genome tiling arrays for the characterization of transcriptional activity (Shoemaker et al. 2001; Kapranov et al. 2002; Rinn et al. 2003; Yamada et al. 2003 ). This approach makes it possible to use microarrays as an open-ended technology by not restricting probe sets to annotated genes.
Based on complementary strengths and weaknesses, cDNA sequences, MPSS signatures, and microarrays each have an appropriate role in the development of genomic resources for a particular organism. An appropriate course for the development of genomic resources in a poorly characterized genome may start with ESTs and full-length sequencing of cDNA clones, followed by MPSS profiling of diverse tissues and treatments, and finally by PCR-based transcript identification using MPSS signatures. These efforts would complete a gene inventory in the organism, and provide the sequences for functional studies and microarray design. In genomes that are only partially sequenced, or for which only ESTs are available, profiling by MPSS combined with significant cDNA amplification and sequencing will define both the quantitative and qualitative transcriptional complexity. The filtered MPSS signatures create a "unigene" set that describes the transcript inventory for a tissue; MPSS signatures unmatched by cDNA sequences represent transcripts in the inventory that remain to be characterized. After generating a substantial set of quantitatively and qualitatively validated transcripts, microarrays could be used as a relatively inexpensive means to identify transcriptional changes under specific biological conditions. Microarray data, although less expensive to generate, may be less transferable across laboratories because the data are quantitative only when compared with other samples. Moreover, microarrays may also be subject to platform-specific or user-specific biases, although careful documentation according to MIAME protocols (Brazma et al. 2001 ) and storage of raw image files for reanalysis may extend the life span of these data. Nevertheless, there are likely significant effects in microarray data, such as oligonucleotide position within a transcript, composition, or placement within the array (Qian et al. 2003) that have yet to be fully characterized through empirical analysis for each platform and each organism. The effect of cross-hybridization is often disregarded in microarray analyses because it is not easily measured or known. As we have demonstrated, method-specific and sequence-specific biases in MPSS can be measured and characterized by comparing across sequencing runs or by comparing the expressed signatures with the genomic signatures. Although there may be additional issues with MPSS that we have yet to identify, we believe that we have characterized the most prevalent problems inherent in this technology. The type of empirical analysis we have presented here for MPSS will be necessary to characterize the strengths and weaknesses of every technology used to measure gene expression. Full examination and empirical analysis of these issues may suggest ways to improve existing gene expression technologies.
METHODS Plant Materials and RNA
For roots and leaves, plants were grown in 16 h of light for 21 d, grown under sterile conditions in vermiculite or perlite moistened with half-strength MS salts. The entire plant was harvested ∼2 h after dark and separated into roots and leaves. For flowers and siliques, plants were grown in soil in a growth chamber at 22°C with 16 h of light for 5 wk. The immature inflorescence was harvested ∼2 h after dark for wild-type and floral mutants. Floral tissues included inflorescence meristem and early stage floral buds (up to Stage 11/12). Siliques were harvested ∼24 to 48 h after fertilization, when petals have begun to detach . Callus was initiated from Col-0 seeds grown on media containing half-strength MS salts, 3% sucrose in the presence of 2,4D (0.5 mg/L), IAA (2 mg/L), and kinetin (0.1 mg/L); the tissue was grown ∼3 mo in dark at 22°C and transferred to fresh plates every ∼10-14 d. For salicylic acid treatments, the plants were grown in soil at 20°C with 8 h of light for 54 d. Half-strength Hoagland's solution was used to bottom-water the plants. Plants during daylight were sprayed to run-off with 0.3 mM SA in 0.02% Silwet (Lehle Seeds). Rosettes were cut above the soil line and harvested 4 h or 52 h posttreatment and still in the light.
Total RNA was prepared using TRIzol reagent (Invitrogen). mRNA was obtained using the Poly(A) Purist kit from Ambion, following the manufacturer's protocol.
MPSS Protocol
MPSS was performed as previously described (Brenner et al. 2000a) for libraries #1 to #5 (Table 1) ; this approach is called the classic methodology. Libraries #6 to #14 (Table 1) were sequenced using the MPSS "signature cloning" method (Lynx Therapeutics, Inc.). Briefly, the difference in the classic and signature cloning methods is that for the classic method, the entire fragment from the DpnII site to the poly(A) tail is cloned into the vector, and this fragment is loaded onto the beads for sequencing, as previously described. In the signature cloning method, an MmeI enzyme recognition site is added during cloning to the 5Ј-end of the fragment, adjacent to the DpnII site; MmeI is a Type IIS restriction enzyme that cuts 21 or 22 bp from the recognition site. After cloning, the fragment is cut with this enzyme to remove the cDNA 3Ј to the 21-or 22-base fragment containing the signature that will be sequenced. In this way, signature cloning produces an "iso-length" library of 21 or 22 bases, removing any bias during the bead loading or sequencing reactions that may result from different DpnII-to-poly(A) fragment sizes.
MPSS Expression Data Processing
To determine the normalized abundance value for each signature in the library, we first merged 2-step runs and separately merged 4-step runs to create a raw abundance count for each stepper. The raw abundance count was calculated as the average from all 2-step or from all 4-step runs for a given signature. The average total number of signatures sequenced in all 2-step or for all 4-step runs was also calculated within the library. The final stage to merge the data within the steppers was to calculate the normalized abundance for each stepper. The normalized abundance is the raw abundance count divided by the average total number of signatures for both of the steppers in the library, multiplied by 10 6 to obtain a "transcripts per million" value. The calculation can be simplified to the following equations: where t_norm is the 2-step normalized value and f_norm is the 4-step normalized value.
MPSS Transcriptional Analysis in
Next, an overall normalized abundance was obtained by merging the separate 2-step and 4-step normalized abundances. For each signature, the normalized abundance of either the 2-step or 4-step runs was selected. This merge was simply a selection of the stepper for which the sum across all libraries of the normalized abundances for a given signature was higher. The higher of the two steppers was selected for each signature instead of averaging the two steppers because some sequence-specific artifacts can underestimate the abundance in one or both steppers (e.g., the "bad words" described in Results). In the rare cases in which the normalized abundances were precisely equal for the two steppers across all libraries (<0.1% of the total number of signatures), the stepper that was higher in a greater number of libraries was chosen; if this number was equal, the steppers were essentially indistinguishable and the 2-step value was arbitrarily chosen.
For each signature, the normalized abundance for the chosen stepper in each library was stored as the "norm_taken" value. This norm_taken value was used as the final value for further analyses and library-to-library comparisons. Because norm_taken for a signature in a single library is derived from a comparison of all libraries, the addition of new libraries can affect the norm_taken value for some signatures in existing libraries. However, this should occur only when there are few existing libraries, when the steppers are extremely similar across all libraries, or when the new library contains a much higher abundance for a given signature than is found in the existing libraries. In the first and last cases, there was likely not much support for either stepper, and in the middle case, the choice of one stepper over the other is largely irrelevant because the differences are insignificant.
Once the runs are merged, filters were applied to identify signatures that were unusually rare and could have resulted from technical artifacts. The filter for "reliability" determines if a given signature is found in more than one of the runs in all libraries; the goal is to exclude signatures that may have resulted from technical problems in a single run. Signatures found in only a single run, regardless of the abundance in that run, were flagged as "unreliable." The filter for "significance" determines if a given signature is found in any Arabidopsis library at Ն4 PPM. The goal of this filter is to distinguish signatures that were consistently present at levels that might be interpreted as background (e.g., low levels of OBD signatures resulting from sequencing errors, as described in the Results section) from those that were potentially derived from a real transcript expressed at a significant level in at least one of the sampled conditions. These filters were applied by analyzing all libraries in the database, and the filters were reapplied with the addition of each new library to our database. Therefore, as with the norm_taken value described above, it is possible for the addition of a new library to alter the composition of the set of filtered signatures in an existing library. The filtered results from previous library additions and calculations are stored as different "builds" of our database so that it is possible to reconstruct analyses performed on earlier versions of the data set.
Calculation of Four-Base Word Usage in Genomic and Expressed Signatures
Each 17-base genomic signature was divided into eight frames of four bases that correspond to the MPSS sequencing process (Fig.  5A) . Four different frames are used for each of the 2-steppers. The four-base words in each frame were counted across different sets of signatures. For the analyses of words in 17-base genomic signatures, bases 18 to 20 in the seventh and eighth frames were required (Fig. 5B) . Similarly, word analysis of the 20-base genomic signatures required an additional two bases of sequence data to determine the word in the ninth frame (Fig. 5B) . In each case, if we were comparing the genomic and expressed signatures, we limited our analyses to signatures occurring uniquely in the genome to avoid false matches.
We were most interested in the expressed signatures in which the 2-step and 4-step normalized abundances varied (see description above for t_norm and f_norm). To detect differential representation of the four-base words, we created three bins representing signatures in which (1) the 2-step abundance was equal to the 4-step abundance, (2) the 2-step abundance was significantly higher than the 4-step abundance (with P > 0.05), or (3) the 4-step abundance was significantly higher than the 2-step abundance (with P > 0.05). In the 2-step sequencing reaction, the words in frame 1 (Fig. 5A,B ) always start with TC; this frame was excluded from our analysis because the overabundance of "TCNN" words skewed the results (data not shown). The fraction of the total comprised by each four-base word was calculated and then compared for the 2-step and 4-step frames (Table 4 ). For the 17-base signatures, the frequency of different words in frames 3 and 5 of expressed signatures was compared with the frequency of words in frames 2, 4, and 6 (Fig. 5A ). For the 20-base signatures, the frequency of different words in frames 3, 5, and 7 of expressed signatures was compared with the frequency of words in frames 2, 4, 6, and 8 (Fig. 5B) . Therefore, one fewer 2-step frame than 4-step frame was used to calculate the word frequency (two frames vs. three for the 17-base signatures, and four frames vs. five for the 20-base signatures). Therefore, we adjusted the final ratio of 2-step words to 4-step words to account for this difference in the number of frames that were analyzed, although the ratio adjustment merely scaled the data and did not affect the rankings of the words. These calculations used only 255 of the 256 possible four base words in the genomic and expressed signatures; the word "GATC" was removed because it was not detected within expressed signatures for the reasons described above. This analysis was performed for the 17-base and 20-base genomic and expressed signatures (Supplemental Figs. S4-S9) .
We estimated the likelihood that a signature would have one of these 20 bad words in both 2-step and 4-step sequencing frames. These signatures are likely to be underrepresented in the MPSS data, as described in the Results section. The theoretical probability P of a genomic signature having one or more fourbase palindrome in both sequencing frames is defined by the following equation considering 16 palindromic words:
The calculation of the probability was performed with the assumptions that (1) each stepper sequences from four frames (see Fig. 5A ), and (2) the genomic sequence is essentially random. If we consider only the 16 palindromic words, then 5.17% of all genomic signatures are predicted to be affected in the MPSS reactions. If the 20 bad words that we identified as underperforming in MPSS are considered, the percentage of genomic signatures containing one or more four-base palindromes in both sequencing frames is 7.71%.
